1. Introduction {#s0005}
===============

It is widely accepted that the world\'s most valuable resource is no longer oil but data ([@bib601]). The term 'Big Data' is characterized by large volumes of structured and unstructured data across diverse platforms, including multimedia content which is virtually impossible to process using traditional databases and software technology ([@b0355]). Vast amounts of diverse types of data can now be captured at ease as a result of the exponential rise in computational power and storage abilities. The opportunities presented by this type of data can significantly impact both private and public sector organisations, as well as the wider society, including people's health and well-being. Therefore, in organisational and social contexts, there remains the pertinent question of how openly available big public data can be leveraged for knowledge discovery purposes beyond typical business decision making into key sustainable development priorities such as health and well-being ([@b0570]).

According to the [@b0595], chronic diseases are the main cause of death worldwide, however, this could be significantly lessened by addressing risk factors through early detection. The rise of big data has offered a new paradigm of data-driven studies, discovering hidden patterns in the data ([@b0355]) and enabling earlier detection for significantly enhanced well-being.

There is a growing concern that well-being related issues are resulting in increased burden on public services such as health and social care. While studies have suggested a link between well-being and age -- general health conditions, mental health ([@b0490]), family structure ([@b0550]), education and happiness ([@b0375]). Furthermore, there is a significant body of evidence linking inadequate management of well-being to negative and adverse impact on businesses and economies. For example, lower levels of workers' well-being is attributed to higher business costs to organisations ([@b0340]), including higher medical care expenditure and employee compensation ([@b0260], [@b0560]), increased employee absences ([@b0095], [@b0260], [@b0560]), lower levels of employee productivity ([@b0130], [@b0185]), and early retirement ([@b0435]). These findings emphasise potential future business risks and liabilities as a result of well-being related issues. Thus, promoting well-being could assist in improving employee attitudes and increasing productivity, which in turn can enhance decision making, organisational effectiveness, and business success ([@b0225], [@b0450]). Therefore, given the increasing attention placed on well-being and its potential impact on business and economies, this research aims at exploring how survey-based analysis on subjective well-being (SWB) could be applied to big data and offer meaningful insights into varying levels of people\'s perceived well-being. It would thus assist policy makers in taking informed decisions that could in turn improve the well-being of citizens and business performance, an approach which has had little academic focus to date.

SWB can be considered highly important within service dominated economies, given its role in progressing employee commitment and job satisfaction, thus also directly and indirectly impacting customer service and satisfaction ([@b0025], [@b0455]). Therefore, a predominantly service-based economy such as the UK is largely reliant upon the "human capital" of employees, as opposed to tangible goods, therefore emphasising the need for proactive measures to monitor, manage and predict their SWB levels.

By appreciating both social and economic implications relating to SWB, this paper takes a proactive step in addressing the business-related challenges resulting from well-being issues.

In order to achieve this goal, the current study is proposed as the first phase of a two-phased research project; this paper being phase one is to develop a statistical model to predict SWB using publicly available national survey data. The current research proposes that the developed model be placed on online platforms to collect relevant real-time big data from the public. Upon building the model, phase-two of the research will focus on evaluating the merits of collecting, analysing and visualising data fed by the public to inform policy makers of citizen\'s SWB in real time. As far as the authors are concerned, there has been very few studies incorporating national survey data into big data analysis. We posit that our approach might possibly introduce a new avenue in the research area of open-big-data analysis and offer potentially significant contributions to the area of health and well-being in the context of sustainable development.

To realise the research aim, the paper is structured into eight sections. The next section reviews the literature on big data, United Nations Sustainable Development goals (UN SDGs) and well-being to uncover links between the three. Section three then proposes the research hypothesis to test these links. In Section four, the research method used for this study is discussed followed by the analysis of the findings in Section five. This is followed by a discussion in the next section, and Section seven discusses the empirical and practical implications of the study. The paper concluded in Section eight by summarising the main contributions and outlining the limitations of the study.

2. UN SDGs, big data and well-being: A review of literature {#s0010}
===========================================================

2.1. Exploring well-being as a concept {#s0015}
--------------------------------------

The literature on well-being is extensive, dating back over 40 years and has largely been addressed through various aspects of happiness, quality of life, and life satisfaction ([@b0055]). While research on well-being can be explored from various perspectives, such as family-well-being ([@b0135], [@b0270], [@b0525]); elderly well-being ([@b0210], [@b0415], [@b0465]) and child well-being ([@b0290], [@b0360]), majority of these studies are underpinned by the notion of Subjective Well-being (SWB).

Studies on well-being were previously centred on objective indicators in the form of absence of physical impairments, cognitive disabilities, and social restrictions ([@b0460]). More recently it has extended to consider more subjective dimensions, such as positive psychological indicators which include complex constructs encompassing emotional stability, rational decision-making based on life knowledge, empathy, and compassion ([@b0020], [@b0265]). This trend towards SWB has been attributed to the fact that high levels of psychological well-being has the potential to counterbalance the adverse after-effects of chronic disease and disabilities ([@b0030], [@b0470]).

According to [@b0380], SWB is defined as an individual's experience of affective reactions and cognitive judgments. An increasing amount of evidence suggests that SWB impacts health and other societal outcomes, further emphasised through the 'International Day of Happiness' initiated by the UN to express the importance of societal SWB as a key public policy objective ([@b0100], [@b0520]). Thus, there has been an underlying desire to capture individuals\' perceptions of their states in various aspects of life ([@b0280]) with much emphasis being placed towards how people experience their lives in terms of both cognitive (satisfaction) and affective (happiness) reactions ([@b0425]). For example, [@b0120] assess SWB through the use of life evaluation, positive feelings and negative feelings*.* Building on recent focus on individuals' perception to measure SWB, this paper will explore SWB in terms of individuals' perceptions including the sense of happiness, satisfaction and self-wroth.

2.2. Sustainable development goals and health and well-being {#s0020}
------------------------------------------------------------

The UN SDG goals (SDG), introduced in 2015, are targets which signatory states such as the United Kingdom (UK) are required to meet individually and collectively. As such, the SDG3 Good health and Well-being concerns ensuring healthy lives and promoting well-being for all. Interestingly, whilst studies have placed significant emphasis on well-being in general, it seems their motivations have been to specifically explore well-being from a few particular contexts or groups of people such as the elderly, family, and children without focusing on other targets proposed in SDG3 goals. The SDG3 goal forwarded by the UN which concerns Health and Well-being are made up of a number of broader targets with the aim of measuring them through specific indicators. Accordingly, this paper aims to bridge this gap by offering well-being insights into SDG specific targets as endorsed by the UN.

2.3. Big data and Well-being opportunities {#s0025}
------------------------------------------

Big data presents unparalleled opportunities to accelerate scientific discovery and innovation in key areas that impact organisations and economies ([@b0600]). The utilisation of big data techniques is rampant within the private sector, with organisations successfully utilising them to offer personalised solutions ([@b0015]), market segmentation, creative marketing ([@b0150]), and predicting sales trends ([@b0330]). With organisations reaping much benefit from Big Data Analytics, there is a growing urgency to adopt similar techniques in order to gain real-time insights into individuals' well-being in order to target aid interventions to vulnerable groups ([@b0520]). While there is a timely discussion pertaining to the ethical use of big data analytics ([@b0070]) with key concerns centred on privacy and security ([@b0155], [@b0255]), it is argued that if the abundance of data, advanced technologies, and creative analytical approaches are responsibly enacted, this can lead to responsive, efficient, and evidence-based decision-making which may further improve the progress of the SDG goals, in particular SD3, in a comprehensive and reasonable manner (UN, 2018).

For instance, it is widely accepted that an active lifestyle can significantly improve health conditions, whereas failing to maintain an active lifestyle runs a high risk of developing a chronic disease, such as diabetes or cardio-vascular disease (CVD). [@b0180] discuss the potential of transforming how well-being may be monitored due to technological advancements such as, mobile communications, wearable computing, cloud and big data infrastructures, thus allowing individuals to track and monitor a person's health condition which may help prevent chronic disease. Therefore, the opportunities presented by capturing pervasive and real-time data may offer newer ways to understand an individual's well-being.

In addition to data derived from sensory technology, other forms of big data captured through social media posts could possibly explain well-being effectively. Studies have shown the increasing role of big data and social media analytics techniques in revealing how individuals feel and thus can also reflect important elements of well-being. For instance, many organisations are increasingly adopting big data techniques such as sentiment analysis, a technique which generally classifies with either positive, neutral or negative, across a range of polarity to reveal key insights into customers perceptions, feelings and emotional states. [@b0485] reveal how organisations apply sentiment analysis in order to assess how consumers perceive their brands and actions from a sustainability viewpoint, therefore offering insights into more emotional and personal feelings of individuals. Similarly, there is a rising trend towards the use of digital footprints of social media users as a set of metrics to measure major determinants of well-being, as it offers a more detailed level of insights across time and space dimensions ([@b0010], [@b0250], [@b0325]). [@b0075] explored the role of user-generated data and the digital traces resulting from social media sites such as Facebook and Twitter to measure, study, and even change SWB. Similar studies also have predicted individual level life satisfaction through big data measurement of Facebook status updates ([@b0080]), through measuring the type of Facebook pages liked ([@b0310]), measuring life satisfaction words, emanating from Google Books ([@b0220]).

Accordingly, it is evident that the extant literature has largely attempted to predict survey responses to life satisfaction or questions relating to 'happiness' from an array of big data sources, particularly from individual's online digital footprints without being derived from SWB literature. The aim of this research, therefore, is to develop a big data SWB model which is underpinned by the appropriate normative literature with a specific focus on SDG targets as endorsed by the UN.

3. Conceptual model and hypothesis development {#s0030}
==============================================

3.1. Influence of income on well-being {#s0035}
--------------------------------------

Although well-being and happiness have been explored from a plethora of factors, income is perhaps by far, the most researched ([@b0085], [@b0170], [@b0335], [@b0505], [@b0530]), from a parental income and child well-being dyad ([@bib602]; [@bib603]), personal income ([@b0445]) as well as interdependent welfare functions ([@b0040], [@b0170], [@b0285]). [@b0140] famously argued that increasing average income does not enhance average well-being, a claim widely referred to as the Easterlin Paradox. However, given data-rich environments and technological capabilities, collecting data have become easier in recent times, which has led to more rigorous testing of the Easterlin Paradox. As a result, a few studies have dismissed Easterlin Paradox by presenting evidence of positive relationship between well-being and income across several countries and over time ([@b0085], [@b0505]). There are several studies which explore many potential determinants of childhood well-being ([@b0360]) with parental income considered as an important determinant of child well-being ([@bib603]).

The authors postulate that while high income improves evaluation of life (evaluative well-being), it fails to improve emotional well-being (Hedonic well-being).H1Those who **earn more** are more likely to report greater perceived well-being than those who earn less.

3.2. Influence of health conditions on well-being {#s0040}
-------------------------------------------------

There is little surprise that many studies have attempted to gain a better understanding of the role health plays in overall SWB. Health conditions are encompassing as per the WHO (1948), who define health as *'not merely the absence of disease or infirmity but a state of complete physical, mental and social well-being'*. Consistent with the WHO, [@b0165], refer to *Physical health* as one's ability and energy to complete a range of daily tasks; either diagnosed or not diagnosed with organic disease such as heart disease or cancer. [@b0500] report a connection between physical health and SWB whereby poor health is seen to lead to reduced SWB, while high well-being can reduce physical health impairments.

The extent to which health impacts SWB is a relevant point of discussion, particularly given that studies have shown that over the last few decades, suicide rates in the US have not significantly lowered, despite many pertinent medical advances for diseases such as HIV/AIDS, cardiovascular disease and paediatric cancers ([@b0320]). Thus, highlighting that high-income societies, which has seen much health-related advancements seemingly has limited positive impact on SWB, as reflected through the cause of death resulting from suicide. Therefore, there is a need for further exploration of health conditions from the context of SWB.H2Those with **prolonged ill health conditions** are more likely to report lesser perceived well-being compared with those without such health conditions.

3.3. Influence of co-habiting on well-being {#s0045}
-------------------------------------------

While a significant segment of studies focus on the impact of cohabitation and marital status on child well-being ([@b0045], [@b0190], [@b0345], [@b0440], [@b0550]), the relationship between well-being and cohabitation and/or marriage is widely reported in the extant literature. For instance, married individuals are consistently attributed to a greater SWB than unmarried individuals, whereas the latter are reported as having a greater SWB than divorced, separated, or widowed individuals ([@bib604]; [@bib605]; [@b0350], [@b0540]). Furthermore, [@b0275] found a significant SWB decrease was found after union dissolution, but subsequent adaptation or re-partnering led to a return in increased well-being. Their study also noted that well-being of never-married and never cohabiting young adults gradually diminished over time.

[@b0580] report low well-being between cohabiting couples when lower importance was placed on marriage. Their study offers further evidence that cohabiting couples are not all the same and marital orientations and engagement status are important indicators of relationship well-being.

Thus, there is a need to explore this further.H3Those who **live with someone else** (married or cohabiting) are more likely to report greater perceived well-being than those who live on their own.

3.4. Influence of religious beliefs on well-being {#s0050}
-------------------------------------------------

Religion is considered as a powerful coping mechanism ([@b0430]), therefore the endorsement of religion or spirituality as being consistently linked with higher levels of well-being in unsurprising ([@bib606]); [@b0305]). Several studies have explored why people turn towards religion and spirituality and found seeking refuge from negative psychological experiences and emotions as a key trigger ([@b0475]). For instance, situations such as socioeconomic sufferings ([@b0585]), death of loved ones ([@b0370]), illness, and negative life experiences ([@b0495]) were all seen as catalysts which lead to the uptake of greater religious and spiritual involvement.

Therefore, studies suggest a positive association between several indicators of religion and spirituality and positive outcomes which typically align with SWB, such as satisfaction of life ([@b0145]), optimism and sense of self-worth ([@b0575]), and hope ([@b0005]). This research therefore expects to gain a closer understanding of how and why religion and spirituality are related to well-being and to what extent this can be used as a means to predict future well-being.H4Those **with religious beliefs** are more likely to report greater perceived well-being than those without one.

3.5. Influence of age on well-being {#s0055}
-----------------------------------

One of the key challenges in current times is to enable people to age well ([@b0400]). It is widely accepted that SWB as an area of research has produced many intriguing findings, particularly the relationship between SWB and age ([@b0235]). For instance, previous studies have revealed contradictory results, with some studies indicating no relationship between age and SWB ([@bib607]; [@b0125]), whereas [@bib608] report younger people are happier than the older. [@b0540] probe this further by highlighting that with age, hedonic levels decrease whilst contentment increases. Given the conflicting views surrounding this, there is a need for further exploration of the age well-being dyad.H5These hypotheses are moderated by **age** where younger and older people are more likely to report higher perceived well-being.

While extant studies have explored the aforementioned variables individually or in conjunction with others as a means to see its relationship with SWB, studies to date have not incorporated Income, Health Conditions, Marriage/Cohabitation, Religion and Age together to explore perceived SWB. As a result, this study proposes the following novel conceptual model ([Fig. 1](#f0005){ref-type="fig"} ) highlighting the factors that affect well-being.Fig. 1Conceptual model.

In line with the recommendations of [@b0385], this research combines theory and data analysis, drawing from the SWB literature, thus presenting many benefits. It can be argued that firstly it is appropriately grounded in the existing well-being literature, is transparent, can be considered as testable and is adaptable, presenting the opportunity for it to be potentially applied to predict well-being on a continuous and recurrent basis.

4. Research methodology {#s0060}
=======================

4.1. Data {#s0065}
---------

Data for our research were obtained from the Annual Population Survey (APS) in the United Kingdom, which is publicly available. The APS is one of the largest UK national surveys funded by the government, and each APS dataset contains 12 months of data, including approximately 300,000 individuals living in the UK. The large majority of the APS data are derived from another UK national survey, the Labour Force Survey (LFS), whose data are collected based on the random sample of UK postcodes. This core dataset is reinforced by additional samples from boost and enhancement surveys in Great Britain. This effectively renders the APS the largest coverage of any household survey in the UK ([@b0410]). The APS contains about 500 variables and a wide range of survey topics including demographic variables (e.g. age, sex, ethnicity, educational qualification, religion), employment-related variables (e.g. employment status, income, working hours, occupation, industry), and health conditions. To achieve our research aim of exploring the role of big data in assisting effective decision making in the realm of well-being, the survey data were most pertinent because of its widest coverage of the UK population and its relevant topics available to our research.

For the specific purpose of our research, two types of datasets were employed; the most recent three-year (from 2015 to 2017) pooled dataset at the time of writing was obtained for building a regression model to initially identify relationships between the dependent, independent, controlling, and moderating variables. The three-year pooled dataset contained 530,300 respondents. A weighting variable was used to report findings based on the population. Secondly, six individual APS datasets (from 2012 to 2017) were used for forecasting purposes. The reason that we were not able to include data from earlier years was because the dependent variable, perceived well-being, was introduced only in the April-June quarter of the LFS in 2011 in the UK, so the first APS dataset that contains well-being is from 2012.

4.2. Measures {#s0070}
-------------

### 4.2.1. Dependent variable {#s0075}

The APS includes four well-being variables of: satisfaction ("Overall, how satisfied are you with your life nowadays?"), worth ("Overall, to what extent do you feel that the things you do in your life are worthwhile?"), happiness ("How happy did you feel yesterday?"), and anxiety ("How anxious did you feel yesterday?"). Respondents aged 16 and over at the time of the survey were asked to report their SWB statuses based on a Likert scale ranging from 0 (Not at all satisfied/worthwhile/happy/anxious) to 10 (Completely satisfied/worthwhile/happy/anxious). To facilitate statistical analyses, 0 was converted to 1, 1 was converted to 2, 2 to 3, and so on, and the revised scale ranges from 1 to 11 for all variables except for 'anxiety'. For 'anxiety', all values were reversed; 0 was converted to 11, 1 to 10, and so forth. The internal consistency was measured using Cronbach's test, which suggested the anxiety variable would lower the internal consistency with Cronbach's alpha from 0.80 to 0.75. Based on this, it was decided to drop the anxiety variable and keep the first three variables to create an overall \'well-being\' variable for the analysis. The derived dependent variable on well-being was the arithmetic mean of values from the three well-being variables.

### 4.2.2. Independent, controlling, moderating variables {#s0080}

The APS covers a wide range of topics, and the following independent variables were selected for our research: marital/co-habiting status (Married/cohabiting/civil partner or Non married), long-term illness lasting 12 months or more (Y/N), religious denomination (Y/N), accommodation type (Owned outright/Being bought with mortgage or loan/Part rent, part mortgage/Rented/Rent free, etc.), and income (combined weekly income from the main and second job, if a respondent had a second job). Respondents' age was selected as a moderating variable. Respondents' sex and ethnicity were also used as controlling variables in order to control for the effects of the two basic demographic characteristics whilst focusing on the effects of independent variables for hypothesis testing.

### 4.2.3. Regression model {#s0085}

The data type of the dependent variable was ordinal with 11 levels of perceived well-being. Initially, the binary logistic regression model was considered to be used for the analysis, however, the distribution of the data was positively skewed with more than half of the sample was found in the three highest levels (9 to 11). This high concentration of well-being scores at the higher end made it difficult to draw meaningful boundary between "lower" and "higher" well-being with comparable numbers of respondents observed in the two groups. Given this, it was decided to create five well-being categories; "Below 7", "At least 7 below 8", "At least 8 below 9", "At least 9 below 10", and "10 and 11" with comparable observations in each well-being category (11.1%, 11.8%, 24.6%, 29.0%, and 23.5% of the sample of 32,805,995 individuals respectively). "Below 7" was set as the reference group to be compared against the remaining four well-being groups in turn, and multinomial logistic regression analysis was employed as the appropriate method to make these comparisons and identify statistically significant predictors for the dependent variable of SWB.

### 4.2.4. Predictive regression analysis {#s0090}

The purpose of the predictive regression analysis is to provide an insight of useful tools for predicting the well-being state of an individual based on a sample/population of individual data collected from surveys. This is of particular interest to organisations such as local governments, councils and charities where the well-being state of people is important for decision making with regard to the distribution of public resources. The question of interest in the predictive regression analysis is whether or not the well-being state of an individual can be predicted from the individual's personal conditions based on a model constructed from a large pool of data containing people's personal conditions and well-being states.

#### 4.2.4.1. Prediction with logistic regression {#s0095}

The logistic regression is a statistical method that models the probability of possible outcomes of the response variable. It assumes that the log-probability is a linear combination of independent variables (predictors). logistic regression is adequate for prediction when the response variable is an unordered, categorically distributed variable ([@b0590]). Unordered variable is a variable which falls into any of the possible outcomes that cannot be ordered in a meaningful way. Examples of unordered response variables include health plans, choices of commuting to work, and occupational choices ([@b0590]). Well-being state is such an unordered variable.

Logistic regression is widely used for prediction purposes in clinical medicine, engineering, social sciences and economics. [@b0240] use multinomial logit model to forecast the arrival time at hospitals after onset of symptoms, whereas [@b0535] employ the same model to predict the risk of developing heart diseases based on the observed vital signs of patients. [@b0420] employ logistic regression for the prediction of roof fall risks in pillar workings in coal mines. [@b0395] test the effectiveness of the multinomial logistic regression model in predicting driver\'s drowsiness. [@b0035] use the multinomial logistic regression as a tool in marketing to predict customer\'s tendency to purchase a product. [@b0510] discriminate the behaviour of college stopout and dropout by using the logistic regression.

In this paper we view the prediction of the well-being states as an ordinal classification problem with ordering information, with the probability of being in each well-being state to be precited. In the case of two well-being states, the naïve approach of directly applying the binary logistic model for prediction is straightforward and simple to implement. The problem lies in the case of more than two well-being states to be predicted. [@b0160] proposes a simple learner's tree approach for the ordinal classification problem. The approach performs better than the naïve multinomial logic model in predicting the probability and for classification tasks and can be easily incorporated with machine learning algorithms. Details of the approach refer to [@b0160]; [Fig. 2](#f0010){ref-type="fig"} ).Fig. 2Distribution of SWB (n = 32,805,995).Fig. 3Mean probability of reporting differing levels of well-being by age group.

We recognize that there are some other popular approaches that complement our approach in terms of prediction analytics. First, the Internet of Medical Things is an ecosystem of connected wearable medical devices which generate, collect, analyse and transmit healthcare data into the cloud, and the integrated big data and predictive analytics are capable of carrying out classification of information, thoroughly predicting and diagnosing patients' likely conditions, which eventually prevents and handles chronic diseases. The Internet of Medical Things provides efficient, adequate, instantaneous and inexpensive remote monitoring, and is decisive for patients ([@b0050], [@b0315], [@b0555]). Second, Fuzzy logic is a process that uses many-valued logic where true values of variables range between zero (completely false) and one (completely true). It mimics the human decision-making process and is capable of processing linguistic information. [@b0065] proposes a group recommendation system based on the fuzzy logic by aggregating the preferences of group members without taking individual characteristics into decision-making. A similar system for group decision making but guided by social influence based on the fuzzy logic theory is also proposed by [@b0060]. [@b0175] presents an interactive method built on the combination of probability, fuzzy and rough set theories that is capable of processing intelligence information with the application to counterterrorism.

For the purpose of illustration of the prediction method, a binary logistic regression is employed; our data sample consists of personal information as well as the well-being state of 358,714 individuals. The prediction is performed as follows. Firstly, the first half of the data is used as the training data to construct and estimate the binary logistic regression model. Secondly, the other half of the data is used as the prediction sample, by inputting personal conditioning variables into the estimated binary logistic regression model, predicted probabilities of high/low well-being states are obtained. Thirdly, by using a cut off probability (0.5), the predicted well-being state is determined. Lastly, the predicted well-being state is compared to the observed well-being state by using several performance measures.

#### 4.2.4.2. Performance measures {#s0100}

Several performance measures are employed to quantify the prediction performance of the logistic regression, including the classification table and predictive efficiency indexes.

The classification table shows the number of correctly predicted well-being states by the logistic regression model compared to the total number of observed, and the number of falsely predicted well-being states by the logistic regression model compared to the total number of observed.

Based on the classification tables, three predictive efficiency indexes, λp, τp and φp, can be constructed ([@bib609]; [@bib610]):$$\begin{matrix}
{\lambda_{p} = 1 - \left( {n - \sum f_{\mathit{ii}}} \right)/\left( {n - n_{\text{mode}}} \right),} \\
{\tau_{p} = 1 - \left( {n - \sum f_{\mathit{ii}}} \right)/\left\lbrack {\sum{f_{i}\left( {n - f_{i}} \right)/n}} \right\rbrack,} \\
{\phi_{p} = 1 - \left( {n - \sum f_{\mathit{ii}}} \right)/\left\lbrack {n - \sum{E\left( f_{\mathit{ii}} \right)}} \right\rbrack} \\
\end{matrix}$$where $E\left( f_{\mathit{ii}} \right) = \left\lbrack {\sum_{i}f_{\mathit{ij}}} \right\rbrack\left\lbrack {\sum_{j}f_{\mathit{ij}}} \right\rbrack/n,$ n is the sample size, n_mode is the observed number of individual cases in the modal category of the response variable (well-being state), f_ij is the total number of having observed well-being state i but predicted as having well-being state j, f_ii is the number of correct prediction for well-being state i. All three indexes are interpreted as proportional reduction in error. A negative value of the predictive efficiency index indicates the model does worse than expected; a value of zero indicates no relationship between the conditioning variables and the response variable (well-being state); and a value of unity indicates the perfect prediction (well-being state of all individuals in the prediction sample are correctly predicted).

The statistical significance is implied by the normal approximation of a binomial *d* $$d = \left( \frac{P_{e} - p_{e}}{\sqrt{P_{e}\left( {1 - P_{e}} \right)/n}} \right)$$where Pe = (error without model)/n, and pe = (error with model)/n; error without model and error with model can be calculated from the predictive efficiency indexes, with different specifications for different predictive efficiency indexes \[for details refer to [@bib609]\].

When the question of interest is whether or not the model increases the accuracy of prediction of the response variable (well-being state), a one-tailed test of the statistical significance of the predictive efficiency indexes is adequate. The null hypothesis of the one-tailed test is that proportion of errors with the model is not smaller than the proportion of errors without the model; and the alternative hypothesis is that proportion of errors with the model is smaller than the proportion of errors without the model ([@bib609]). Significant predictive efficiency indexes indicate that the conditioning variables are relevant to the classification of the well-being state, and allow one to classify the well-being state with some degree of accuracy.

5. Findings and analysis {#s0105}
========================

5.1. Descriptive statistics and bivariate statistical analyses {#s0110}
--------------------------------------------------------------

The large majority reported greater SWB with the means ranging from 8.12 for anxiety to 8.89 for self-worth ([Table 1](#t0005){ref-type="table"} ). The mean of the overall well-being score (excluding the item on anxiety) were at 8.70 as reflected on the negatively skewed distribution of the well-being statistic ([Fig. 2](#f0010){ref-type="fig"}).Table 1Descriptive statistics -- Subjective well-being[\*](#tblfn1){ref-type="table-fn"} (based on the Likert scale 1--11).nMeanSE**Well-being3,28,05,9958.700.004**Satisfaction3,29,57,6258.680.004Worth3,28,54,9048.890.004Happiness3,29,44,1798.520.005Anxiety3,29,16,6258.120.007[^1]

Some strong statistical associations were found between SWB and respondents\' demographic variables ([Table 2](#t0010){ref-type="table"} ) and summarised as follow:•Those who were married/cohabited were more likely to enjoy greater SWB ($\overline{x}$ = 8.94) compared with those who lived on their own ($\overline{x}$ = 8.31).•Those with long-term health issues were more likely to report lower SWB ($\overline{x}$ = 8.39) than those without ($\overline{x}$ = 8.91).•In terms of respondents\' age, older (66 and above) people appeared to experience greater SWB ($\overline{x}$ = 8.93 for '66 and above', compared with any other age groups).•High income earners were generally more likely to report greater well-being with the mean well-being among the lowest income group at 8.75 against that of the highest income group at 8.82.•Females were more likely to report higher well-being than males ($\overline{x}$ = 8.74 vs. 8.65).•Those who named any religion in response to a question, "What is your religion?", were more likely to report greater SWB ($\overline{x}$ = 8.77 vs. 8.54)•Those who owned accommodations/rent-free/squatted were more likely to report higher well-being than those who rented/part-mortgaged ($\overline{x}$ = 8.87 vs. 8.35).•Black and mixed/other ethnic people were likely to report lower ($\overline{x}$ = 8.40 and 8.54, respectively) SWB than people from other ethnic background. Table 2Bivariate statistical results: Association between well-being and relevant variables (Chi-square test).*GroupnmeanseTest statisticdfsig***Marital status***19947.04\<0.001*Married/cohabiting/civil partner2,00,23,962*8.940.00*Non-married1,27,82,033*8.310.01***Long-term illness***16144.04\<0.001*With long-term health issues1,28,41,482*8.390.01*Without long-term health issues1,85,16,377*8.910.00***Age***9643.120\<0.001*16--2527,15,918*8.650.01*26--3553,05,603*8.700.01*36--4552,94,368*8.610.01*46--5561,15,301*8.490.01*56--6553,59,786*8.680.01*66 and above80,15,019*8.930.01***Income**5685.412\<0.001£1--£249 per wk33,67,601*8.750.01*£250--£403 per wk32,38,882*8.690.01*£404--£634 per wk36,24,089*8.750.01*£635 or higher per wk38,66,609*8.820.01***Sex***1225.04\<0.001*Male1,49,04,7868.65*0.01*Female1,79,01,2098.74*0.00***Religion***3602.14\<0.001*No religion1,07,29,882*8.540.01*With religion2,12,24,025*8.770.00***Accommodation type***13121.04\<0.001*Rented/part-mortgage1,09,14,3188.350.01Owned/rent-free/squatted2,18,74,8358.870.00**Ethnicity**1011.416\<0.001White2,95,26,4508.710.00South Asian12,17,9918.730.02Black8,46,2918.400.03Other Asian/Chinese4,65,2208.670.03Mixed/Other7,29,0308.540.03

5.2. Regression analysis {#s0115}
------------------------

A series of multinomial logistic regression models were created using only controlling variables (Model 1 - sex and ethnicity only), predictors and controlling variables (Model 2), and predictors, controlling variables and age as a moderating variable (Model 3). In each of these models, the following four comparisons were made:•Comparison 1: "Below 7" vs. "At least 7 below 8"•Comparison 2: "Below 7" vs. "At least 8 below 9"•Comparison 3: "Below 7" vs. "At least 9 below 10"•Comparison 4: "Below 7" vs. "10 and 11"

These comparisons are presented respectively in [Table 5](#t0025){ref-type="table"}, [Table 6](#t0030){ref-type="table"}, [Table 7](#t0035){ref-type="table"}, [Table 8](#t0040){ref-type="table"} in Appendix A.

Model 1 included only the two controlling variables of sex and ethnicity. The two controlling variables were included in order to control for the effect of the two variables, and their effects are not discussed in the analysis. In Model 2 (controlling variables and predictors only), across these four comparisons, the following patterns were observed which were in line with the chi-square test results presented in the above section $b = - 0.29,p < .001$ in Comparison 1 to $b = - 1.07,p < .001$, suggesting that those who were not married/cohabiting were more likely to report lower SWB compared with those who were married/co-habiting, and that the magnitude of the probability of reporting greater well-being was highest in Comparison 4 where the bottom and top well-being categories were compared. This supports H3. Likewise, the coefficient of long-term illness continued to grow from $b = - 0.38,p < .001$in Comparison 1 to $b = - 0.92,p < .001$ in Comparison 4, indicating that those with long-term illness were most likely to report the lowest well-being category. This finding supports H2. Similarly, the coefficient for religious denomination multiplied from $b = - 0.01,p < .001$ to $b = 0.33,p < .001$, suggesting that those with religions were more likely to report greater well-being; this supports H4. In terms of income, although those people with higher income were generally more likely to report greater well-being in Comparison 1, 2, and 3 (e.g. $b = 0.58,p < .001$ for "£635 or higher per week" in Comparison 3), this pattern appeared to be lessened in Comparison 4 (e.g. $b = 0.19,p < .001$ for "£635 or higher per week"). So, this partially supports H1. The coefficient for accommodation type was $b = 0.19,p < .001$ in Comparison 1 and $b = 0.30,p < .001$ in Comparison 4.

Turning to Model 3, which included all variables in Model 2, plus age as the moderating variable, associations between the dependent and independent variables were similar to those found in Model 2. With regard to "married/cohabiting", the coefficient was $b = - 0.32,p < .001$ in Comparison 1 and rose to $b = - 1.14,p < .001$ in Comparison 4. For "Long-term illness", the coefficients strengthened from $b = - 0.33,p < .001$ in Comparison 1 to $b = - 0.90,p < .001$ in Comparison 4. Likewise, religious denomination had coefficients $b = 0.05,p < .001$ in Comparison 1 and $b = 0.37,p < .001$ in Comparison 4. Thus, these results in Model 3 support H2 to H4. These three findings were also endorsed by odds ratios presented in [Fig. 4](#f0020){ref-type="fig"}, [Fig. 5](#f0025){ref-type="fig"}, [Fig. 6](#f0030){ref-type="fig"}, [Fig. 7](#f0035){ref-type="fig"} (Comparison 1 to 4, respectively) in Appendix A. In terms of income, again similar patterns were observed where those who earned higher income were generally more likely to report greater well-being in Comparison 1, 2, and 3. However, this variable seemed to have a lower impact in Comparison 4; for example, the coefficient for "£635 or higher per week" in Comparison 3 was $b = 0.69,p < .001$, but it decreased to $b = 0.36,p < .001$ in Comparison 4. This was also noted in odds ratios for the top two income groups declining from Comparison 3 to Comparison 4 (see [Fig. 6](#f0030){ref-type="fig"}, [Fig. 7](#f0035){ref-type="fig"} in Appendix A). These findings suggest that our study finding partially supports H1, as the coefficient of income lowered among the highest well-being group.

Age was added to Model 3 in order to ascertain if our study results support H5; younger and older people were more likely to report higher perceived well-being. Mean probabilities of reporting differing levels of SWB by age group were calculated and presented in [Fig. 3](#f0015){ref-type="fig"}. Regardless of age, people were less likely (below 15%) to report lower SWB as presented in the lines for "Below 7" and "At least 7 below 8". The most likely level of SWB was "At least 9 below 10" (30% or higher). These were also clear in the descriptive statistics presented in the above section. What is worth noting is the declining trend of mean probabilities from age 16 to 25 to 66 and above for the bottom three well-being categories (i.e. "Below 7", "At least 7 below 8", and "At least 8 below 9"), suggesting that younger people were more likely to report these levels of SWB than their older counterparts. In contrast, among the top well-being category ("10 and 11"), a general upward trend from the younger to the older age group was observed. In particular, people in the top age group, 66 and above, were most likely to report the highest level of SWB than other younger groups. This supports partially H5 which tested if younger and older people were more likely to report higher perceived well-being than people in the middle-age groups; our results suggests that older people, particularly 66 and above, were more likely to report greater well-being than any other age groups. This was also clear in Comparison 3 ([Fig. 6](#f0030){ref-type="fig"}) and 4 ([Fig. 7](#f0035){ref-type="fig"}) in Appendix A where odds ratios and the lower confidence interval boundaries for age 66 and above exceeded one whilst the equivalent statistics for other age groups were below one.

Model 3 which are based on all the independent, controlling, and moderating variables offers the statistics of the goodness of it at 0.601, suggesting that 60 per cent of the variability could be explained by the model. The level of contribution of each predictor and moderating variable to the model ([Table 3](#t0015){ref-type="table"} ) was measured by calculating chi-square statistics. The results showed that people's marital/co-habiting status was found to be the most powerful predictor $(x\left( 4 \right) = 300519.0,p < .001)$, followed by long-term health condition $(x\left( 4 \right) = {168,833.0},p < .001)$, age $(x\left( 4 \right) = {93,967.0},p < .001)$, and income $(x\left( 4 \right) = {84,344.0},p < .001)$. Religious denomination or accommodation type were not as strong as those predictors. The results might suggest that these top predictors could be key characteristics that policy makers should focus on when predicting people's SWB.Table 3Model contributions by predictor.Model 1Model 2Model 3Predictors*ChisqdfpChisqdfpChisqdfp*Married/cohabiting2,80,103.04\<0.001\*\*\*3,00,519.04\<0.001\*\*\*Health conditions/illnesses lasting 12 months or more1,79,249.04\<0.001\*\*\*1,68,833.04\<0.001\*\*\*Age93,967.020\<0.001\*\*\*Weekly gross income (£)86,946.012\<0.001\*\*\*84,344.012\<0.001\*\*\*Sex76,905.04\<0.001\*\*\*34,544.04\<0.001\*\*\*58,660.04\<0.001\*\*\*Religious denomination39,938.04\<0.001\*\*\*35,642.04\<0.001\*\*\*Accommodation type29,014.04\<0.001\*\*\*40,082.04\<0.001\*\*\*Ethnicity59,390.016\<0.001\*\*\*27,516.016\<0.001\*\*\*27,581.016\<0.001\*\*\*R^2^ (McFadden)0.0020.6000.601Change in R^2^n/a0.5980.001Residual deviance (-2LL)1,08,85,423.744,75,223.443,81,256.3Change in residual deviance (-2LL)n/a64,10,200.493,967.0

5.3. Prediction performance {#s0120}
---------------------------

[Table 4](#t0020){ref-type="table"} reports the out-of-sample prediction performance of the binary logistic regression. It shows that the model is able to correctly predict the well-being states of 51,565 out of 86,720 (59.46%) individuals who have an observed well-being state of "low", and correctly predict the well-being states of 42,548 out of 92,637 (54.07%) individuals who have an observed well-being state of "high". The overall percentage of correct predictions is 56.68%. All three predictive efficiency indexes are positive and statistically significant at 1% significance level, indicating that the conditioning variables are relevant to the prediction of the well-being state, and increase the accuracy of prediction of the well-being state. The results reinforce our findings in the previous sections.Table 4Out-of-sample prediction of binary logistic regression model.Dependent VariablePrediction/Classification Tables% CorrectPredictive EfficiencyBinomial StatisticsWellbeingPredictedLow (\<9)High ($\geq$9)Observed (n = 179357)Low (\<9)51,56535,15559.46$\lambda_{p}$ = 0.1040\*\*\*$d_{\lambda_{p}}$ = 42.6059High ($\geq$9)42,54850,08954.07$\tau_{p}$ = 0.1326\*\*\*$d_{\tau_{p}}$ = 56.0933Overall56.68$\phi_{p}$ = 0.1349\*\*\*$d_{\phi_{p}}$ = 57.2451[^2]

Our results have important implications for organisations in the public sector such as city councils and charities where the well-being state is an important factor in decision making involving the distribution of public resources. Our results indicate that these organisations can use exiting pool of data of information about people's well-being states and their personal conditions such as the eight conditioning variables examined in this paper to construct a model (logistic regression is a simple example of the model choice) of the well-being state. In practice, this can assist organisations and governments to make effective decisions when prioritising the service needs of customers/people by forecasting their well-being state where needed.

6. Findings and discussions {#s0125}
===========================

The research has produced some interesting insights into SWB, with many of the findings also resonating with previous studies. Findings from this study indicate that individuals who were not married/cohabiting were more likely to report lower SWB compared with those who were married/co-habiting. A plethora of studies have previously established that married couples are attributed to having greater SWB than unmarried individuals ([@b0350], [@b0540]). This has been attributed to many factors, including social isolation, whereby individuals who are not married are less happy due to the likeliness of them living alone in the absence of continued companionship ([@b0480]). This is supported by earlier studies which reveal married individuals are not only happier, but also more emotionally stable than their unmarried individuals ([@b0125], [@b0115]).

However, it must be highlighted that while studies have explored the impact of marriage and SWB, studies have largely overlooked the role of cohabitating couples and SWB, which has also been considered in conjunction with marriage in this research.

Similarly, and in line with previous research, findings from this study also highlight that individuals with long-term illness were most likely to report the lowest well-being category. [@b0500] discuss an association between physical health and subjective well-being in which poor health is ascribed to reducing SWB. This too is supported by the findings of this research, thus emphasising the negative impact of long-term illness on SWB. Therefore, from the insights provided through the predictive model of this research, it can be concluded that if governments and employers actively pursue policies and agendas aimed at improving the health status of individuals and employees, this can in turn positively impact and improve the overall citizens' SWB.

Another key point of discussion in this research was exploring the extent to which age would impact SWB. Accordingly, the findings from this research revealed that people in the top age group, 66 and above, were most likely to report the highest level of SWB than other younger groups. Previous studies have given rise to conflicting views surrounding this, with some studies reporting no relationship between both, whereas others have provided evidence suggesting otherwise. Although research into SWB and older age is at an early stage, evidences indicate positive hedonic states, life evaluation, and eudemonic well-being are pertinent to health and quality of life as people age ([@b0500]). Thus, it must be highlighted that the overall well-being of elderly people is a significant objective for both economic and health policy, which through the application of the proposed model from this research can be explored further.

Our research also finds that people with higher income were generally more likely to report greater well-being. For example, [@b0500] explore income and well-being from a contextual perspective, and find that in high-income English-speaking countries, life evaluation dips in middle age, and rises in old age. Highlighting this further, [@b0105] states that the increase of income may enhance SWB, given it takes individuals out of poverty and leads to habitation in a developed nation. However, individuals who are considered well-off and have increased material desires with the rise in their incomes, experience limited SWB over the long-term. This is in line with the findings made in our study where amongst those who from the highest SWB group, income made a limited contribution to the model. Thus, based on the results from this research and the exploration of related studies, it can be argued that income only has the potential to enhance SWB once it assists individuals in fulfilling basic needs.

This research offers further insights into SWB which is in congruent with existing studies, such as the findings that individuals who held religious beliefs were more likely to report greater well-being. Resonating with this, [@bib611] produce similar findings which suggests that religion acts as a coping mechanism for individuals, thus allowing them to overcome anxiety and personal troubles. It has previously been reported that religious people report greater SWB (see [@b0205], [@b0295]), which can be attributed to a number of factors such as religious people tend to have higher morale ([@b0300]), encounter fewer psychosocial pathologies such as domestic abuse ([@b0545]), religious affiliations are linked to lesser depressive symptoms, a smaller amount of anxiety and better quality of life indicators ([@b0245]) and also have higher levels of late-life well-being ([@b0365]). Accordingly, this research further supports this through empirical insights. However, previous studies have also indicated how SWB may vary across developing and developed countries ([@b0405]). Supporting this further from a context perspective, it has also been previously highlighted that religion impacts SWB more positively for poorer countries than developed countries, largely due to people who have lower levels of agency and lesser capabilities ([@b0200]). Resonating with this and underpinned by the Gallup World Poll (GWP), [@b0110] too find that individuals from developing countries are much more likely to be religious than individuals belonging to nations and states who have more favourable conditions, thus placing emphasis for the need to explore religion and SWB across contextual lenses.

In summation, the model has helped identify that people's marital/co-habiting status was proven to be the most powerful predictor, which is followed by long-term health conditions and income. The other dimensions were not as strong as the aforementioned predictors.

7. Empirical and practical implications {#s0130}
=======================================

Our models are based on publicly available national survey data which are not classed 'big data' in terms of volume, variety, or velocity. However, our regression model offered the statistic of the goodness of fit at 0.601 which is higher than that of other large survey studies which look into SWB; goodness of fit statistics reported in these studies are typically around or below 0.40 (e.g. [@bib618]; [@bib619]; [@bib620]; [@bib621]). Though, we appreciate that despite the above, goodness in-sample performance does not implicate satisfactory out-of-sample prediction results. For example, [@bib617] show that the improvement of in-sample forecast ability due to data snooping is not transferable to out-of-sample forecasting, similar problems are also presented in [@bib616].

The authors propose that this model now be potentially placed on online platforms and be re-trained on a regular basis through constant feed of relevant data by the public. The regression model built for the purposes of this paper is based on the UK periodic survey data. Though the most recent data at the time of writing the paper were used, they are already a few years old. Therefore, by placing this proposed model on public online platforms, live relevant data input can be obtained by the public without running large nationwide surveys, which are both time-consuming and expensive to conduct. By capturing live data, public authorities could process the data instantaneously and take more timely actions based on predicted SWB among citizens.

Another approach might be to link data of the variables in our model which are already available from governmental and public bodies and big data which could be obtained through the use of the Internet of Medical Things (IoMT). Our model is based on several variables, and in fact the majority of data for these variables could be obtained through governmental and public bodies. For example, in the United Kingdom, demographic variables such as age, sex, marital status, income are held by the government such as the Department for Work and Pensions and HM Revenue and Customs (HMRC). Though health-related information, one of the key predictors for SWB, are held by the Department of Health and Social Care, the system cannot track the current and live health status of each patient. Yet variables such as sex, age, and marital status will remain the same, is trackable, or generally do not change frequently, health-related data can vary from one day to another.

[@bib612] posit that a fundamental challenge of progressing big data analytics within healthcare settings is the availability of sufficient data and that there is a pressing need to integrate and combine big data and other forms of data together. Therefore, though big data analytics has much potential, studies have emphasised that it is ineffective in influencing clinical decisions on its own, and there is a fundamental need to explore methods to help big data analytics attain its real potential. Similarly, [@bib613] cite the increasingly interconnected nature of health and social care systems as a factor and argue the need for integrated data sources in order to support healthcare services.

Thus, our proposal of placing the model on open platforms or cloud could be complemented by the use of the Internet of Medical Things (IoMT) ([@b0050], [@b0555]) which could obtain and process live health-related information through the use of IoT devices such as wearable devices (e.g. smart watch) instantaneously. The health-related data collected through the IoT thus could be linked to the other demographic data held by other government departments in order to predict people's SWB. The recent outbreak of Covid-19 has highlighted that people with pre-existing underlying health conditions were at a higher risk from coronavirus. Thus, further emphasising the importance of being able to effectively monitor and identify people's underlying health conditions, particularly given that older people and people with pre-existing conditions were more at risk than others. In pandemic situations, such as Covid-19, where there are immense pressures on healthcare services, linking the proposed model to IoMT, can possibly allow relevant healthcare authorities to have the ability to track and monitor people's health conditions remotely, therefore enabling healthcare professional to effectively predict people's well-being during troubled times. This might potentially offer a significant transformation of the statistical model derived from cross-sectional survey data into a dynamic training model continuously fed by the public with data, whilst improving its prediction of SWB.

8. Conclusions, limitations and future research {#s0135}
===============================================

This paper set out to explore the impact of big data by identifying how it can be leveraged to influence well-being. Moreover, a review of the extant literature highlighted the significance of well-being for businesses and the economy as a whole, particularly given the effective management and prediction of well-being can be the difference between, either increasing or decreasing workforce productivity, improving or worsening customer service and satisfaction and reducing or increasing potential future business risks. Accordingly, predictive capabilities relating to SWB has the potential of presenting an array of opportunities for business leaders and policymakers to undertake robust and proactive business-related decisions, through identifying predictive trends relating to an individual's SWB. More specifically, based on the regression models, the paper uncovered that among independent variables, which were selected to predict varying levels of people\'s perceived well-being, one\'s marital/co-habiting status was found to be the most powerful predictor for perceived well-being; in this sense those who were not married/cohabiting were more likely to report lower SWB compared with those who were married/co-habiting. Long-term illness was another important predictor that influenced perceived well-being with those with long-term illness being more likely to report lower well-being. Age also played an important role in predicting one\'s well-being; older people, particularly 66 and above, were more likely to report greater well-being than any other age groups. The paper makes a key contribution to the field given that there has been no survey-based \'big data\' framework developed so far.

The Quarterly Labour Force Survey, which forms the basis of the Annual Population Survey employed for this research, runs every quarter. However, by placing the proposed model online, it could gather data on a continuous basis without any additional cost. Furthermore, the prediction output can be processed and obtained instantaneously based on the continuously trained data. Arguably, there are potential drawbacks including ethical issues and personal data security through the IoT ([@b0215], [@b0515]); however, the potential benefit as a result of the proposed use of the IoT could be significant, thereby identifying and offering support for individuals who need such support most; furthermore, data could be encrypted to avoid any misuse. In this way, a combination of the internet, technology and big data can be used not only to advance the UN SDG 3, but also to support organisational sustainability and economic progress.

From a theoretical stance, this paper has highlighted the link between big data framework, UN SDGs and well-being. From a practical and policy perspective, the paper demonstrates how regression-based predictive analysis can be used for effective decision making to help improve people's well-being. The findings from this study offer valuable insights to policymakers by demonstrating how publicly available big data on citizens provided by themselves can be used to develop policies that improve their lifestyle and well-being.

As with many studies, this paper also has some limitations. More specifically, the authors highlight that the regression analysis was conducted based on a subset of the entire survey sample. For example, the well-being question was only asked from those who were 16 years old or above at the time of the interviews. Furthermore, the APS does not include respondents from Northern Ireland on their religious denominations, which effectively made regression analysis results based on respondents from Great Britain only. In addition, other meaningful variables could have been included in the analysis in order to predict more effectively people's perceived well-being such as the personality of the individual ([@bib614]) and social networks ([@bib615]). Since the data for our research were sourced from national surveys, such detailed and personal data were not available in the dataset.

In relation to the *logistic regression model for prediction,* it can be argued that significant large samples are required to achieve a high degree of prediction accuracy ([@b0240]). Our data sample is relatively large, the sample size for the estimation of the model being 179,357, after removing individuals with missing information. The logistic regression model assumes a linear combination of the conditioning variables; low precision of prediction is of no surprise when we count with higher variation in the survey data. Complex models such as machine learning and neural networks are more capable of prediction, these models are now widely used in economics and finance (i.e., Lai, 2014).

Overall, the present research offers a meaningful approach through which SWB can be predicted based on survey data; accordingly, this study provides the foundations upon which further research can be developed, with the view of potentially looking at gathering large data and actually predicting individual subjective well-being through various data sources within a big data framework.

Dataset {#s0140}
=======
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See [Fig. 4](#f0020){ref-type="fig"}, [Fig. 5](#f0025){ref-type="fig"}, [Fig. 6](#f0030){ref-type="fig"}, [Fig. 7](#f0035){ref-type="fig"} and [Table 5](#t0025){ref-type="table"}, [Table 6](#t0030){ref-type="table"}, [Table 7](#t0035){ref-type="table"}, [Table 8](#t0040){ref-type="table"} .Fig. 4Odds ratio (95% Cls) Perceived well-being and key demographic characteristics Comparison 1**.** 1 \< 7 w. 7 \> 8.Fig. 5Odds ratio (95% Cls) Perceived well-being and key demographic characteristics Comparison 2**.** 1 \< 7 w. 8 \> 9.Fig. 6Odds ratio (95% Cls) Perceived well-being and key demographic characteristics Comparison 3: 1 \< 7 w. 9 \> 10.Fig. 7Odds ratio (95% Cls) Perceived and key demographic characteristics Comparison 4: 1 \< 7 vs. 10 & II \* Due to confidence intervals being almost identical to odds ratios, confidence intervals are not visible in the majority of the cases.Table 5Hierarchical regression -- Perceived well-being and selected predictors (Comparison 1: 1 \< 7 vs. 7 \> 8).Model 1Model 2Model 3*bSEtpLowodds ratioHighbSEtpLowodds ratioHighbSEtpLowodds ratioHigh*(Intercept)0.100.0086.560.001.101.101.100.470.00116.250.001.581.601.610.670.01129.400.001.941.961.98*Sex (Male as the reference)*Female−0.060.00−38.900.000.940.940.950.020.006.540.001.011.021.020.030.0012.950.001.031.031.04*Ethnicity (White as the reference)*South Asian0.010.003.190.001.001.011.02−0.030.01−3.910.000.960.980.99−0.080.01−12.070.000.910.920.94Black−0.220.00−56.070.000.790.800.81−0.270.01−44.360.000.750.760.77−0.250.01−40.440.000.770.780.79Other Asian/Chinese0.170.0127.980.001.171.191.20−0.090.01−9.540.000.890.910.93−0.120.01−12.130.000.870.890.91Mixed/Other0.040.009.430.001.031.041.05−0.090.01−11.740.000.900.910.93−0.130.01−16.460.000.870.880.89*Married/cohabiting (Yes as the reference)*Non-married−0.290.00−113.860.000.740.750.75−0.320.00−123.160.000.720.730.73*Health conditions/illnesses lasting 12 months or more (\'No\' as the reference)*Yes−0.380.00−149.990.000.680.680.69−0.330.00−125.880.000.720.720.73*Weekly gross income (£) (£1 to 249 as the reference)*£250 to £403 per wk0.040.0010.840.001.031.041.040.050.0015.000.001.051.051.06£404 to £634 per wk0.210.0058.510.001.221.231.240.230.0064.880.001.251.261.27£635 or higher per wk0.420.00109.790.001.521.531.540.480.00121.480.001.601.621.63*Religious denomination (No religion as the reference)*With religious denomination−0.010.00−2.710.010.990.991.000.050.0020.480.001.051.061.06*Accommodation type (Rented/part-mortgage as the reference)*Owned/rent-free/squatted0.190.0071.100.001.201.211.210.250.0091.640.001.281.291.29*Age (16--25 as the reference)*26--35−0.150.00−32.190.000.850.860.8736--45−0.330.00−69.500.000.710.720.7346--55−0.490.00−103.920.000.610.610.6256--65−0.450.01−85.340.000.630.640.6566 and above−0.280.01−25.210.000.740.760.77[^3]Table 6Hierarchical regression -- Perceived well-being and selected predictors (Comparison 2: 1 \< 7 vs. 8 \> 9).Model 1Model 2Model 3*bSEtpLowodds ratioHighbSEtpLowodds ratioHighbSEtpLowodds ratioHigh*(Intercept)0.870.00908.850.002.382.392.391.280.00357.730.003.573.603.621.550.00332.530.004.684.724.76*Sex (Male as the reference)*Female−0.100.00−81.480.000.900.900.900.090.0038.220.001.091.091.100.110.0048.210.001.111.121.13*Ethnicity (White as the reference)*South Asian−0.070.00−21.510.000.930.930.94−0.250.01−42.910.000.770.780.79−0.310.01−52.850.000.720.730.74Black−0.520.00−145.620.000.590.600.60−0.680.01−121.040.000.500.510.51−0.650.01−114.350.000.520.520.53Other Asian/Chinese0.090.0115.970.001.081.091.10−0.260.01−29.920.000.760.770.78−0.290.01−33.160.000.730.750.76Mixed/Other−0.120.00−30.000.000.880.890.89−0.130.01−19.580.000.860.880.89−0.170.01−25.630.000.830.840.85*Married/cohabiting (Yes as the reference)*Non-married−0.580.00−254.950.000.560.560.56−0.620.00−268.250.000.530.540.54*Health conditions/illnesses lasting 12 months or more (\'No\' as the reference)*Yes−0.630.00−279.820.000.530.530.53−0.570.00−246.610.000.560.570.57*Weekly gross income (£) (£1 to 249 as the reference)*£250 to £403 per wk0.000.00−0.150.880.991.001.010.020.006.350.001.011.021.03£404 to £634 per wk0.320.00102.120.001.371.381.390.360.00112.240.001.421.431.44£635 or higher per wk0.640.00184.780.001.881.891.900.720.00203.090.002.042.052.06*Religious denomination (No religion as the reference)*With religious denomination0.070.0032.830.001.071.081.080.150.0062.730.001.151.161.16*Accommodation type (Rented/part-mortgage as the reference)*Owned/rent-free/squatted0.290.00122.030.001.331.331.340.370.00149.830.001.441.441.45*Age (16--25 as the reference)*26--35−0.210.00−49.500.000.800.810.8236--45−0.450.00−105.230.000.630.640.6446--55−0.640.00−152.750.000.520.520.5356--65−0.530.00−113.290.000.580.590.5966 and above−0.300.01−30.940.000.730.740.75[^4]Table 7Hierarchical regression -- Perceived well-being and selected predictors (Comparison 3: 1 \< 7 vs. 9 \> 10).Model 1Model 2Model 3*bSEtpLowodds ratioHighbSEtpLowodds ratioHighbSEtpLowodds ratioHigh*(Intercept)1.000.001064.070.002.722.722.731.350.00378.030.003.823.853.881.650.00353.890.005.175.215.26*Sex (Male as the reference)*Female−0.020.00−18.740.000.970.980.980.210.0090.140.001.231.231.240.250.00105.610.001.271.281.29*Ethnicity (White as the reference)*South Asian−0.150.00−44.970.000.860.860.87−0.330.01−55.910.000.710.720.73−0.360.01−61.010.000.690.700.71Black−0.650.00−185.310.000.520.520.53−0.650.01−116.700.000.520.520.53−0.610.01−108.410.000.540.540.55Other Asian/Chinese0.040.017.490.001.031.041.05−0.310.01−35.260.000.720.730.75−0.330.01−36.970.000.710.720.73Mixed/Other−0.240.00−58.640.000.780.790.80−0.160.01−23.800.000.840.850.86−0.190.01−27.450.000.820.830.84*Married/cohabiting (Yes as the reference)*Non-married−0.850.00−371.090.000.430.430.43−0.900.00−386.770.000.400.410.41*Health conditions/illnesses lasting 12 months or more (\'No\' as the reference)*Yes−0.780.00−344.500.000.460.460.46−0.740.00−319.200.000.480.480.48*Weekly gross income (£) (£1 to 249 as the reference)*£250 to £403 per wk−0.030.00−10.290.000.960.970.980.010.001.750.081.001.011.01£404 to £634 per wk0.250.0081.530.001.281.291.300.320.00100.810.001.371.381.39£635 or higher per wk0.580.00169.130.001.771.791.800.690.00197.350.001.992.002.02*Religious denomination (No religion as the reference)*With religious denomination0.180.0080.490.001.201.201.210.230.00100.850.001.261.261.27*Accommodation type (Rented/part-mortgage as the reference)*Owned/rent-free/squatted0.380.00161.430.001.461.461.470.440.00177.640.001.541.551.55*Age (16--25 as the reference)*26--35−0.290.00−67.920.000.740.750.7636--45−0.520.00−120.620.000.590.600.6046--55−0.660.00−155.350.000.510.520.5256--65−0.470.00−100.140.000.620.630.6366 and above0.080.018.790.001.071.091.11[^5]Table 8Hierarchical regression - Perceived well-being and selected predictors (Comparison 4: 1 \< 7 vs. 10 to 11).Model 1Model 2Model 3*bSEtpLowodds ratioHighbSEtpLowodds ratioHighbSEtpLowodds ratioHigh*(Intercept)0.680.00686.140.001.971.971.971.120.00298.580.003.033.053.081.440.00293.650.004.184.224.26*Sex (Male as the reference)*Female0.160.00128.460.001.181.181.180.320.00131.190.001.371.381.390.390.00155.700.001.461.471.48*Ethnicity (White as the reference)*South Asian0.040.0011.420.001.031.041.05−0.060.01−9.720.000.930.940.95−0.060.01−9.360.000.930.950.96Black−0.550.00−152.790.000.570.580.58−0.440.01−75.360.000.640.650.65−0.370.01−63.650.000.680.690.70Other Asian/Chinese−0.080.01−13.650.000.920.930.94−0.150.01−16.980.000.840.860.87−0.150.01−16.410.000.850.860.88Mixed/Other−0.310.00−72.030.000.730.740.74−0.150.01−21.390.000.840.860.87−0.160.01−22.400.000.840.850.86*Married/cohabiting (Yes as the reference)*Non-married−1.070.00−436.320.000.340.340.35−1.140.00−455.330.000.320.320.32*Health conditions/illnesses lasting 12 months or more (\'No\' as the reference)*Yes−0.920.00−377.700.000.400.400.40−0.900.00−361.630.000.400.410.41*Weekly gross income (£) (£1 to 249 as the reference)*£250 to £403 per wk−0.170.00−55.600.000.840.840.85−0.110.00−35.980.000.890.890.90£404 to £634 per wk−0.040.00−11.580.000.960.960.970.070.0019.610.001.061.071.07£635 or higher per wk0.190.0054.150.001.211.211.220.360.0098.380.001.431.441.45*Religious denomination (No religion as the reference)*With religious denomination0.330.00137.150.001.381.391.400.370.00148.070.001.431.441.45*Accommodation type (Rented/part-mortgage as the reference)*Owned/rent-free/squatted0.300.00122.140.001.351.361.360.340.00132.250.001.401.411.42*Age (16--25 as the reference)*26--35−0.320.00−72.640.000.720.720.7336--45−0.640.00−141.370.000.520.530.5346--55−0.730.00−164.340.000.480.480.4856--65−0.400.00−81.180.000.670.670.6866 and above0.520.0155.190.001.661.691.72[^6]

[^1]: Respondents aged 16 and above at the time of the survey.

[^2]: \*\*\*, \*\*, \* denote significance at 1%, 5% and 10% significance level.

[^3]: \* \<.05. \*\* \<.01. \*\*\* \<.001.

[^4]: \* \<.05. \*\* \<.01. \*\*\* \<.001.

[^5]: \* \<.05. \*\* \<.01. \*\*\* \<.001.

[^6]: \* \<.05. \*\* \<.01. \*\*\* \<.001.
